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Abstract 
With the increasing resolution of remote sensing images, road network can be displayed as continuous and 
homogeneity regions with a certain width rather than traditional thin lines. Therefore, road network extraction 
from large scale images refers to reliable road surface detection instead of road line extraction. In this paper, a 
novel automatic road network detection approach based on the combination of homogram segmentation and 
mathematical morphology is proposed, which includes three main steps: (i) the image is classified based on 
homogram segmentation to roughly identify the road network regions; (ii) the morphological opening and 
closing is employed to fill tiny holes and filter out small road branches; and (iii) the extracted road surface is 
further thinned by a thinning approach, pruned by a proposed method and finally simplified with Douglas-
Peucker algorithm. Lastly, the results from some QuickBird images and aerial photos demonstrate the 
correctness and efficiency of the proposed process. 
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1 Introduction 
Road data is a critical part of road infrastructures for 
decision-makings, for instance, in urban planning, 
traffic management and vehicle navigation. Especially 
in the past thirty years, rapid urbanization makes it 
urgent to provide up-to-date maps, and it is 
impossible to be achieved using the traditional 
method of long-term engineering surveying and 
mapping, however. Therefore, extensive efforts have 
been made towards the road extraction from Remote 
Sensing (RS) images. 
With the rapid development of sensor technology, the 
ground resolution of RS images has become much 
higher, e.g. QuickBird and IKONOS have ground 
resolution of 0.6m and 1m respectively. Thus, 
extensive investigations have been conducted in the 
past two decades to reliably extract road from these 
highly accurate images. Generally speaking, road 
extraction from high-resolution images can be 
classified into two categories, namely, semi-automatic 
and automatic approaches. 
The semi-automatic methods require an operator to 
provide approximations or seed points as the input to 
further extract the road by an automatic algorithm [1]. 
The algorithm proposed by Shukla et al. [2] was 
based on path following which starts from at least two 
seed points on the road centreline, extracting road 
path with aiming at cost minimization. Zhang [3] used 
knowledge-based image analysis to reconstruct road 
network from aerial images, by which the more 
reliable results can be achieved with higher success 
probability. 
Full automation of the road extraction process is 
pursued by automating the selection of the necessary 
initial information [1]. A common automatic road 
extraction approach is to make use of multi-resolution 
images. The algorithm combines road centreline 
detection from a small scale image and road edges 
extraction from a large scale image. Heipke et al. [4], 
Wang et al. [5] and Laptev et al. [6] utilized a multi-
resolution approach, considering both geometric and 
radiometric characteristics of roads, to automatically 
extract road information. In the approach of 
Baumgartner et al. [7], road detection was based on 
multi-resolution detection in combination with 
grouping the image into different context. Both Zhang 
et al. [8] and Wang et al. [9] essentially employed the 
same approach based on the road model characterized 
by road markings, structure information of road 
surface and other road characteristics.  
In this paper, we developed a new approach for 
automatic road network extraction, where both spatial 
and spectral information from aerial photographs or 
pan-sharpened QuickBrid images is systematically 
considered and fully used. The proposed approach is 
performed by the following three main steps: (i) the 
image is classified based on homogram segmentation 
to roughly identify the road network profiles; (ii) the 
morphological opening and closing is employed to fill 
tiny holes and filter out small road branches; and (iii) 
the extracted road surface is further thinned by a 
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thinning approach, pruned by a proposed method and 
finally simplified with Douglas-Peucker algorithm. 
The following sections of this paper are organized as 
follows. Section 2 outlines the proposed extraction 
strategy with some demonstration examples. In 
Section 3, two additional experiments from QuickBird 
images are implemented to further verify the new 
approach. Finally, the research findings will be 
summarised in the end of this paper. 
2 Performance of the proposed 
approach 
 
Figure 1: Flowchart of the proposed method. 
As a popular technique for image segmentation, 
histogram based thresholding only takes the 
occurrence of the gray level into account without any 
local information. But the segmentation based on the 
property of image homogeneity involves both the 
occurrence of the gray levels and the neighbouring 
homogeneity value among pixels, and thus it will be 
employed in this paper to obtain a more homogeneous 
segmentation result. Gaussian smoothing algorithm is 
then applied to this obtained homogram, which can, in 
turn, ease the threshold finding procedure for 
segmentation. After the image segmentation, 
morphological opening and closing is utilized to 
remove small holes and noise from the road surface as 
well as narrow pathways connected to the main road. 
Then a thinning method is further applied to extract 
the skeleton of the road network. Finally, the 
generated road network is vectorized, and then pruned 
and simplified respectively by a proposed pruning 
method and Douglas-Peucker algorithm. Figure 1 
illustrates the flowchart of the developed approach. 
Basically, the performance includes two individual 
processes, namely, image segmentation and road 
network extraction, which will be elaborated in the 
following sections. 
2.1 Image Segmentation 
Road network is detected using homogram 
segmentation, which comprises the following two 
basic operations: contrast stretching, homogram 
construction and smoothing. 
2.1.1 Contrast stretching 
  
       
   
      
Figure 2: The original aerial photo (a) and its Red 
(b), Green (c) and Blue (d) colour channels, while (e), 
(f) and (g) are the contrast stretched Red, Green and 
Blue colour channels. 
Colour image can be represented by linear RGB 
colour space or their nonlinear transformation of 
RGB, e.g. HSI (hue, saturation and intensity). It is, in 
general, easier to discriminate highlights and shadows 
in a colour image by using the HSI colour space than 
the RGB colour space, but the hue is rather unstable at 
low saturation and make the segmentation unreliable. 
Thus, although the three basic RGB components are 
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highly correlated in RGB colour space, it is applied in 
this paper due to its efficiency for distinguishing 
small variations in colour. 
An original aerial photo (Figure 2 (a)) was processed 
and its red, green and blue channels are shown in 
Figures 2 (b-d) respectively. As Figures 2 (b-d) 
illustrated, all of the RGB channels, especially for 
blue channel, have relative contrast deficiency which 
will impose challenges to the segmentation process. 
Therefore, contrast stretching is individually applied 
to each channel by assigning 5% and 95% in the 
histogram as the lower and upper bounds over which 
the image is to be normalized. Comparing Figures 2 
(e-g) with Figures 2 (b-d), the contrast stretched 
images have significantly higher contrast than the 
original RGB channels. 
2.1.1 Homogram construction and 
smoothing 
A general concept of the homogram is referred to 
Cheng [10]. The homogram takes into account not 
only the gray level but also spatial information of 
pixels with respect to each other. Therefore, 
homogram thresholding tends to be more effective in 
finding homogeneous regions than histogram 
thresholding approaches. 
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Figure 3: Normalized homograms for Red, Green 
and Blue channel images. 
The homogeneity vector of the pixel with its eight 
neighbors is calculated by Z-function, and then the 
homogram could be defined by normalization of the 
homogeneity vector. The normalized homogram for 
Red, Green and Blue channels are shown in Figure 3. 
It is still difficult to detect the modes of homograms 
in the above normalized homogram when they are 
corrupted by noise. Therefore, once the homograms of 
R, G and B channels are established, Gaussian filter is 
firstly applied to smooth them, instead of finding the 
thresholds directly by a complex peak finding 
algorithm proposed by Cheng [10]. In Gaussian 
filtering process, the spread parameter σ, which 
determines the amount of smoothing, is determined 
with the algorithm proposed by Lin et al. [11]. Each 
peak in the homogram represents a unique region. 
Accordingly, the valleys in the homogram can be used 
as the thresholds for segmentation, whereas they can 
be easily found in the smoothened homogram (see 
Figure 4). Each colour channel is segmented using the 
above obtained thresholds separately, and then all the 
three segmented channel images are fused to yield the 
final result of segmentation (see e.g., Figure 5). It is 
observed from Figure 5 (d) that almost all the road 
networks are correctly extracted, but there are still 
many small family driveways connected to road 
network and many house roofs are misclassified into 
the road network. These make it impossible to obtain 
an accurate road network without further processing. 
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Figure 4: Normalized homograms for Red, Green 
and Blue channels after smoothing, their thresholds 
are marked respectively. 
       
      
Figure 5: (a), (b) and (c) are the segmented Red, 
Green and Blue channel images, while (d) is the final 
result by fusing (a), (b) and (c). 
2.2 Road network extraction 
Up to now, we have obtained the segmented result of 
road objects (see e.g. Figure 6(a)), but the probability 
of misclassification is still relatively high and many 
small holes enclose the main road network. These 
holes and pathways must be removed to correctly 
extracting the road skeleton. Thus, in this section, a 
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novel road network extraction approach is developed 
to accurately extract road networks from a segmented 
road image. This extraction process includes two 
main steps: morphological operation and thinning and 
vectorization. 
2.1.2 Morphological operation 
Mathematical morphology is a structure-based 
mathematical set theory that uses set operations such 
as union, intersection and complementation, so it is 
favoured for high-resolution image processing [12]. 
Connected component labelling is firstly used to 
group pixels into different components based on pixel 
connectivity, then components whose surface area are 
smaller than a given threshold will be removed. The 
filtered image is shown in Figure 6 (b), it can be 
clearly seen that all the misclassified objects 
unconnected to the main road network were removed. 
Morphological closing is then applied to remove 
small holes and noise from the road surface, while an 
opening operation is used to eliminate small pathways 
with a structuring element size that is smaller than the 
main road’s width but larger than those of the 
pathways, resulting in the extracted road network as 
shown in Figure 6 (c).  
    
 
Figure 6: (a) Segmented result of road objects; (b) 
Result of object connection analysis and filter; (c) 
Result of morphological operation. 
2.1.3 Thinning and vectorization 
N[0] N[1] N[2] 
N[7] P N[3] 
N[6] N[5] N[4] 
Figure 7: Pixel P and its eight neighbours. 
After the morphological operation, we further employ 
the thinning algorithm proposed by Wang and Zhang 
[13] to extract the road skeleton, where the real road 
is replaced by its centreline with representation by a 
pixel. To remove short dangling branches of the 
centrelines caused by driveways, a novel pruning 
algorithm, which is performed as follows. 
First of all, we introduce the definitions of four-
neighbourhood and eight-neighbourhood neighbour 
for point P in Figure 7. Here four-neighbourhood 
refers to N[1], N[3], N[5] and N[7], while eight-
neighbourhold neighbour involves N[0], N[2], N[4] 
and N[6]. 
 
Figure 8: Flowchart for implementation of the 
vectorization and pruning. 
The pruning algorithm includes three steps: 
Step 1. Find all the intersection points  
(a) Scan the image (up to bottom, left to right), if curr-
ent pixel P has more than three foreground neighbours, 
namely, { }i kN[x ] i 1,2, ,k;k 3, x 0,1, ,7= ≥ =" " , go 
to (b). 
(b) Initialize the feature point counter c = 0, and then 
from i=1 to k, set c=c+1 if either condition (I) or (II) 
is satisfied.   
(I) N[xi] is four-neighbourhood neighbour of P. 
(II) N[xi] is eight-neighbourhood neighbour of P and 
neither N[xi-1] nor N[xi+1] is foreground pixel. P is 
supposed to be a intersection point if c≥3 
Step 2. Line tracking 
(a) If there is no intersection point in the image, then 
go to (c).  
(b) Tracking lines from the intersection point 
Yes 
Store P as an 
intersection points 
Search intersection points 
Image end? 
No
Scan image 
Feature point of 
pixel P > 3? Yes
Tracking lines started 
from the intersection point 
Small line pruning
Douglas-Peucker
simplification
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Tracking lines started 
from the endpoint
No 
Intersection point
number > 0?
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¾ Start from the intersection point P found in Step 
1, initialize n (number of P’s feature points) 
arrays to store lines started from P. 
¾ Set the current tracking pixel to background after 
storing its position into the array, go on using the 
condition in Step1 to find the next pixel on 
current tracking line until moving to the endpoint 
or other intersection point. 
(c)  Tracking lines from endpoint 
¾ Scan the image (up to bottom, left to right) 
¾ Find the endpoint, start line tracking from it and 
set the pixels on the line to background 
(endpoint’s number of feature point is 1 using the 
condition in Step 1) 
¾ Go on scanning until to the end of the image 
Step 3. Small line pruning 
(a) Delete line from the line array if both the 
following conditions are satisfied: 
(I) the length of line is short than the threshold T 
(II) Not both endpoints of the line are intersection 
points, and then go to Step 1 
(b) Output the final result 
     
  
 
Figure 9: (a) Result of thinning; (b) Result of 
pruning; (c) Final result; (d) Final centreline laying on 
the original road surface. 
Finally, Douglas-Peucker simplification algorithm, 
which not only decreases the number of data points 
but also retains the similarity of the simplified shape 
to the original one as close as possible, is employed to 
the pruned line network. The whole procedure of 
vectorization and simplification is shown in Figure 8. 
The vectorization process consists of two steps: 
intersection point searching and line tracking, 
followed by small lines pruning and simplification. 
The final result is shown in Figure 9 (d). It can be 
seen that this approach works quite well that all the 
small road branches are removed.  
3 Experimental results and 
evaluation 
  
 
Figure 10: Road extraction tests on QuickBird 
images.  (a) Hurghada, Egypt; (b) Riyadh, Saudi 
Arabia (provided by Satellite Imaging Corporation). 
In order to demonstrate the efficient performance of 
the proposed procedures in this paper, two additional 
experiments have been implemented from the 
QuickBird satellite images, and their extraction 
accuracies are also evaluated. The final road network 
extracted using the proposed method is shown in 
Figure 10. Almost all the main roads are correctly 
extracted. However, the developed method is still 
experiencing difficulties in road extraction from the 
images where indistinct contrast between road surface 
and its surroundings as well as shadows are existent, 
which is another important research topic to be 
solved.  
Table 1: Evaluation of the test results. 
Variables Completeness Correctness Quality 
Figure 9(d) 1 1 1 
Figure 10(a) 0.988 0.993 0.981 
Figure 10(b) 0.819 0.982 0.807 
Means 0.936 0.991 0.929 
Basing on the method developed by Wiedemann [14] 
for evaluating automatic road extraction systems, we 
use three indexes to assess the quality of the generated 
road network. The completeness is defined as the 
percentage of the correctly extracted data over the 
reference data and the correctness represents the ratio 
of correctly extracted road data. The quality is a more 
general measure of the final result combining the 
completeness and correctness. The optimum values 
for the above three defined indexes all equal to one. 
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Comparing automatically achieved results from the 
proposed process with the manual ones, the following 
quantified indicators have been calculated and 
presented in Table 1. The results demonstrate that the 
proposed method achieved significantly high accuracy. 
4 Conclusion 
In this paper, we have presented a new approach for 
road extraction from large scale RS images. The tests 
have demonstrated that considerable success can be 
achieved by adopting the overall flowchart presented 
in this paper, particularly when the contrast between 
road surface and background is distinct, and there is 
remarkable proportion of road surface in the image. In 
particular, a novel algorithm is developed to vectorize 
and prune the extracted road network. The 
experimental results for road extraction from aerial 
photo and QuickBird satellite images demonstrate that 
the proposed approach could extract most of the main 
roads despite that some roads are missing or distorted 
slightly. 
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